Motivation: The majority of data generated routinely from various experiments are essentially multivariate, often categorized with multiple experimental metadata. Analyzing such results with interactive visualizations often yields interesting and intuitive results which otherwise remains undisclosed. Results: In this paper, we present Web-Igloo-a GUI based interactive 'feature decomposition independent' multivariate data visualization platform. Web-Igloo is likely to be a valuable contribution in the field of visual data mining, especially for researchers working with but not limited to multiomics data. To demonstrate its utility, we have used a metagenomic dataset pertaining to the effect of multiple doses of antibiotic treatment on the human gut microbiome. Availability and Implementation:http://metagenomics.atc.tcs.com/webigloo and http://121.241.184.
Introduction
Multivariate data are routinely generated from various experiments performed across multiple disciplines. For example, in the field of biology, various types of data, ranging from microarray expressions, taxonomic abundance, functional potential, gene mutation frequency, etc., contribute to generation of such data types (Arumugam et al. 2011; Dehingia et al. 2015) . Obtaining meaningful insights from these multivariate data is one of the major goals in visual data mining. Consequently, several tools have been designed to facilitate the visualization of multidimensional data (Dunn et al., 2016) . All multivariate data, irrespective of their origin (experiment & field), share common representation. In the majority of cases, such data (often belonging to multiple 'classes' or 'groups') are represented in the form of a 2D matrix, with features (or dimensions) on one side and corresponding data points on the other. Due to the limitation of representing multiple dimensions on a 2D plane, informative visualization of the same becomes a challenge. Consequently, the most logical approach to visualize such multidimensional data, as employed in techniques like Principal Component Analysis, is to decompose the multiple features into two most discriminating dimensions, followed by plotting the same on an X-Y plane scatter plot (Abdi and Williams, 2010 ). An alternative approach, as employed by techniques like Radviz, employs circular layout for anchoring features (on the periphery) and projecting the data points within the circle. We have recently demonstrated an approach, called Igloo-Plot (Kuntal et al.,2014) , to visualize such data-points on a 2D plane without incorporating decomposition of features. Our method places the features as dimensional anchors on the periphery of a semicircle and projects the data-points inside the same using a Hooke's law based approach (Fig. 1) . Although our method is inspired by the 'Radviz' approach (Hoffman et al., 1997) , the uniqueness of Igloo-Plot lies in addressing two of its major limitations. As opposed to Radviz, which assumes all features to be equally important and places them evenly, Igloo-Plot assigns a priority based positioning to the anchors (Fig. 1) . This step nullifies all chances of a data point to get equally attracted on both sides and thereby getting a resultant zero displacement. Secondly, Igloo-Plot adopts a semicircular layout, as opposed to a circle in Radviz, in order to address scenarios wherein the most unrelated features may be placed next to each Table S1 ).
Methods
Web-Igloo has been developed using JavaScript, d3.js and PHP. The web server allows easy upload of simple tab delimited files containing multivariate data and the corresponding metadata (optional). Once a dataset is uploaded, the main plot (Igloo-Plot) ( Fig. 2A) along with a summary of the feature value distributions across the samples are presented in the form of box plots (Fig. 2B ). Box-plots offer a simple way to identify outlier features in a dataset which can help the user to decide whether to proceed with the nonnormalized data or choose and apply a suitable normalization scheme like rank, Quantile or Z-normalization. Sparse features can be conveniently filtered out using a dropdown menu available in the interface. Another important criteria pertaining to generation of the Igloo-Plot is placement of the features as dimensional anchors, which is done using a hierarchical clustering approach. Web-Igloo implements several hierarchical clustering methods including average, single, complete or weighted linkage which can be easily selected and applied from the interface.
Once the position of the dimensional anchors are assigned, the individual sample data points are projected inside the semicircle using a Hooke's law based approach (Fig. 1, Figure S2 of Supplementary ma terial 1). Henceforth, several innovative methods are implemented in Web-Igloo that can be of used for visual data mining on the loaded multivariate data. The metadata information is parsed to obtain the sample data point affiliations, presented as an interactive legend ( Fig. 2A ) and used to predict cluster boundary for each 'class' applying a convex hull detection algorithm. Samples enriched with a selected feature can be visualized using bubble plots. The size of a bubble corresponds to the abundance of that feature and its color corresponds to the (sample) metadata affiliation (Fig. 2C) . Similarly, the feature contributions in clustering a class (or sample data points) can be inferred using bar plots (Fig. 2D) . The above operations not only help users to visualize inherent sample clustering, but also allow them to infer the features responsible for creating the similarities and differences within the clusters. Additionally, Web-Igloo identifies 'marker' features within a set of selected metadata groups by computing its P-value using ANOVA (Anscombe, 1948) . The results can be visually inferred from the bar plots which represent the group means of the sample data-points (automatically generated upon selecting two or more groups) and the respective sample sizes displayed under the class names.The trend plot, connecting the global feature means of all selected groups, is also generated side by side as a reference. The features identified as 'markers' (P < 0.01 and P < 0.05) for two or more selected groups are highlighted using small red and yellow rectangular boxes respectively ( Fig. 2A and Figure S3 of Supplementary material 1).
Case study
We demonstrate the applicability of Web-Igloo using an example dataset obtained from a metagenomic study (Dethlefsen and Relman, 2011) involving two courses of antibiotic treatment on a subject over a longitudinal time period. The gut microbiome for each time point was sampled to obtain the microbial abundance matrix (dataset) and categorized into seven groups (metadata) based on the time period spanning the doses (Supplementary Table S2 ). We loaded the data after filtering rare taxa (having at least 50% presence across samples) along with the metadata information (available from the main study) into our web server and generated the IglooPlot using 'rank normalization' and 'average linkage' anchor positioning. The time points corresponding to pre antibiotic administration (PreCp), interim gap between two doses (Interim) and post second dosage (PostCp) were observed to cluster together. However, visual inference from the markers (as detected by ANOVA) indicated several microbial taxa to be significantly different within these groups, strengthening the published inferences on the incomplete recovery of the human gut microbiome post antibiotic treatment (video demo provided in Supplementary material 2). The datapoints corresponding to the first dosage period (FirstCp) and the second dosage period (SecondCp) were also observed as partially overlapping clusters, with certain distinctive differences. Both the post dosage one week sample groups (WPC1 and WPC2) on the other hand, clustered together, although away from the pseudo 'stable states' (PreCp, Interim and PostCp) ( Fig. 2A and Figure S3 of Supplementary material 1). This suggests that a similar effort might be put in by the gut microbiome towards a restoration process. Thus, this case study demonstrates the ease with which Web-Igloo can be used to gain valuable insights from a dataset. Additionally, we have made six other datasets available as case studies in the main page of the Web-Igloo server. A summary of the dimensions (sizes of features and samples) for each of the datasets are listed in Supplementary Table S3 .
Conclusion
Web-Igloo has been designed to address the multivariate data visualization problem using an approach which does not involve decomposition of features. Our method not only helps in visualizing inherent clustering in the sample data-points, but also deciphers the features responsible for creating such clusters. The existing clusters can be easily correlated to available multiple metadata mappings which can be eventually utilized for obtaining meaningful insights. Additionally, with the incorporation of multiple normalization steps, filtering options and statistical tests in the same platform, Web-Igloo is expected to be an important addition to the field of information visualization and enrich experience of the end users. We also demonstrate from the case study, how easily our tool can be used to obtain valuable insights from a real world biological data. The intention of our tool Web-Igloo is to provide a simple yet powerful visual data analytics platform for less-technically inclined users as well as diverse bioinformatics audiences.
